This study investigates the copula model that best fit to model the dependence structure of Credit Derivative Swaps (CDS) spreads. For the analysis, we consider daily data from the period of January 1, 2009 to December 31, 2014. Regarding the models, we considered Vine copulas and Hierarchical Archimedean copulas, and different families of copulas. Our results indicate that C-Vine copulas, as well Student t family, demonstrated better performance, according to the criteria used to get the dependence structure. The best fit of the dependence structure can avoid the model risk, from the use of an incorrect model. 
INTRODUCTION
Credit derivative swaps (CDS) have become a key innovation in the credit risk market in the last few years, mainly because they are a versatile and adjustable financial instrument that splits the credit exposure of financial products between two or more parties (ALNASSAR et al., 2014) . Coudert and Gex (2010) explain that the functionality of a CDS is simple, and that there are three parties involved: the credit buyer (CB), the credit seller (CS), and the reference company (RC). CB therefore buys a CDS from CS against the default risk of RC. CS guarantees to CB that he will receive a sum that compensates CB for his loss in the case of an RC default. To do this, CS receives a percentage of the face value of the debt from CB for the period of the contract or until RC defaults.
This simplicity and adjustability, along with the efficiency with which the swap acts as a protection tool for financial players, creates a huge market for CDS (ABID; NAIFAR, 2006) .
In this sense counterpart credit risk is one of the most important drivers of financial markets (ARORA et al., 2012) . Because of their importance, these derivative instruments have received attention from regulators, practitioners and researchers.
Correctly modeling the dependence structure of a CDS is important for risk managers in order to set trading limits, for traders in order to hedge the market risk of their credit positions, and for pricing credit derivatives (FEI et al., 2013) . Financial assets usually present asymmetry, non-linear dependence, non-normality, and other stylized facts commonly reported in the financial literature. The use of flexible models to deal with these characteristics will help reduce problems arising from the model risk.
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Empirical studies on the insurance sector CDS indices have focused on analyzing the dependence of these financial instruments using copulas. Abid and Naifar (2006) applied a copula procedure on CDS from Japanese companies. Chen et al. (2011) , who studied the dependence among South American countries during the Argentinian debt crisis in 2001, used a copula approach. Tamakoshi and Hamori (2014) investigated the dependence structure of the CDS indices of the insurance sector in the United States, the European Union, and the United Kingdom. In Gaiduchevici (2015) and Christoffersen et al. (2016) other uses of the copula approach are identified.
Copulas provide a general approach to measuring dependence among groups of random variables; in addition, this approach makes no assumptions about the distribution of returns. In practical applications, the problem is to identify the correct copula to use for modeling the data.
For the bivariate case, there are various investigations. However, for multivariate cases, the choice of adequate families is rather limited. An alternative is to use Vine copulas. Vines are a flexible model for describing multivariate copulas using bivariate copulas (KUROWICKA; COOKE, 2006) . These constructions decompose a multivariate probability density into bivariate copulas, where each copula can be chosen independently from the others, which results in increased flexibility for modeling the dependence. Another possibility for modeling multivariate dependence through copulas is the Hierarchical Archimedean method.
In this study, we investigate by means of copulas, the dependence structure of the CDS spreads of 20 countries, using daily data from January 1, 2009 to December 31, 2014, which corresponds to 1,565 observations. To reduce model risk resulting from the misspecification of the copula, we carried out an exhaustive investigation to identify which copula models were more appropriate for capturing the international dependence structure of CDS spreads, as well as which model best adjusted the marginal distribution. In this work, we considered Vine copulas and Hierarchical Archimedean copulas, and different families of copulas.
We believe that this study makes two primary contributions to the above strand of the literature. First, it contributes to the identification of the copula model that reduces the model risk of the dependence structure of CDS spreads. Appropriate dependence techniques are of paramount importance in finance, since they are used as input into expensive decisions. On the other hand, our results on the dependence structure are important for regulators wishing to model the regulatory framework of the insurance sector.
COPULAS
To facilitate the presentation of the copula structure, we focus here on the bivariate case.
is a copula for the cases in which 0≤ x ≤ 1, and
This function fulfils the following properties:
The first property refers to the uniformity of the margins, and the second, the nincreasing property, represents the fact that (x 1 ≤ X ≤ x 2, y 1 ≤ Y ≤ y 2 ) ≥ 0 for (X, Y) with distribution C. Sklar (1959) showed that a copula C is connected with a distribution function and its marginal distributions. According to the theorem: i) Given a copula C, and univariate distribution functions 1 and 2 , a distribution F, with marginal distributions 1 and 2 , can be represented by:
ii) Let C be a copula that satisfies (3) for a two-dimensional distribution function F with marginal distributions 1 and 2 . C is unique if 1 and 2 are continuous, for every
where 1 −1 (x) and 2 −1 (y) represent the inverse of the marginal distribution functions of 1 and 2 , respectively. To extend bivariate copulas to the multivariate case, a flexible and intuitive way is to use Vine copulas. In the literature, C-Vines, R-Vines and D-Vines are proposed. For brevity,
we present here only the C-Vine copula. In this case, the dependence in relation to a particular variable, the first root node, is modeled using bivariate copulas for each pair. In conformity with the work of Brechmann and Schepsmeier (2013), a root node is generally selected in each tree, and all pairwise dependencies, with respect to this node, are modeled conditioned on all previous root nodes. The structure is similar to a star, as can be seen in Figure 1 . The C-Vine density, with root nodes 1, … , , is represented by: 
EMPIRICAL ANALYSIS
We used daily data for the CDS spreads of Argentina, Belgium, Brazil, China, Costa Rica, Croatia, France, Germany, Indonesia, Ireland, Italy, Jamaica, Korea, the Czech Republic, Russia, South Africa, Spain, Thailand, Turkey, and the United Kingdom. These countries were selected because they are representatives from different continents and present daily data characterized by periods of turbulence and lulls. Our sample period was from January 1, 2009, to December 31, 2014, which corresponds to 1,565 observations. We used log -returns of CDS spreads in our analysis. Table 1 reports the descriptive statistics of the log-returns of the CDS spreads. Jamaica presented the lowest standard deviation (Std. Dev.), while the CDS spreads for Russia showed the highest standard deviation. In general, skewness values indicate which log-returns are skewed. The series also showed excess kurtosis (they have fat tails), which is common behavior for financial data. The kurtosis value for Jamaica (107.1356) stands out among the results.
In the first step, we estimated the conditional means and variances of the log-returns of the CDS spreads. The Ljung-Box test indicated that there were significant autocorrelations in the series. The conditional mean was adjusted by AR(1) (first-order autoregression) specifications with a constant. Subsequently, we analyzed the presence of conditional heteroscedasticity in the residuals of the AR models using the Ljung-Box test applied to the squared standardized residuals and the Lagrange multiplier (LM) test applied to the standardized residuals. The values for these tests indicated the presence of significant conditional heteroscedasticity. In order to model the volatility of the CDS spreads we used GARCH (Generalized Autoregressive Conditional Heteroskedasticity) models. Conditional volatility was estimated using the GARCH, the exponential GARCH (EGARCH) and the GJR-GARCH (Glosten-Jagannathan-Runkle GARCH) models. The probability distributions considered were as follows: normal distribution, generalized error distribution (GED), Student t distribution and asymmetric Student t distribution. To compare the fitted models, we analyzed the results using the Akaike information criterion (AIC), the Bayesian information criterion (BIC) and the Hannan-Quinn information criterion (HQIC). Finally, to check the adequacy of the fitted models we conducted an analysis of the residuals. 
where, for asset i in period t, , is the log-return of the CDS spreads, , 2 is the conditional variance, 0 , 1 , , 1 and 1 are parameters, , is the innovation in expectation and , is a white noise process with distribution F. (. ) can be written as
, where and are real constants. We estimated the models using quasi-maximum likelihood. The adjusted models exhibited a good adjustment to the data. The LM test and the Ljung-Box test applied to the squared standardized residuals indicated the adequacy of our models. Besides, the coefficients of the AR(1)-EGARCH(1,1) models were significant. After isolating the marginal behavior, it was possible to conduct a joint analysis free of this marginal influence. We used the residuals series = { , } and transformed it into pseudo-observations = { } ∈ [0,1] by inversing the GED distribution fitted to each of them, because of the domain and image definition of the copula functions. With these pseudo-observations, we estimated the C-, D-and R-Vines. 7 The input order for the countries in the models was the We considered the following copula families: Normal, Student t, Gumbel, Frank, Clayton, Joe, BB1, BB7, and BB8. Concerning the estimation of the parameters, we considered an ML estimation procedure that follows a stepwise approach. In the first step, ML estimates separately the parameters in each relationship. The parameter estimations obtained in this first step are known as sequential ML estimates. In the second step, the full log-likelihood function is maximized using the sequential ML estimates as starting values, resulting in the so-called joint ML estimates.
The number of estimated parameters was huge, since there were 19 trees in each structure. To keep this paper brief, we have omitted the estimated parameters, but they are all available upon request. Figures 1 to 3 exhibit plots of the main trees of the C-, D-and R-Vines, respectively. From these plots we have a visual interpretation of how relationships occur. Of course, there would be 18 more plots like this for each structure. We have also omitted these, but they are available upon request. Table 2 shows the fitting results for the models. To examine which copula was the best fit for the data, we considered the following criteria: AIC, BIC, and LL (log-likelihood). 8 We observed that the Student t copula is the predominant one, as is quite usual for daily financial returns. Regarding CDS analyses using copulas, Chen et al. (2008) , Tamakoshi and Hamori (2014) and Creal and Tsay (2015) also verified that Student t copula are preferred over competing models. Referring to the Vine type, we observed that, according to the values of AIC and BIC, the C-Vine structure had the best fit. For the values of LL, we found that the best value was presented by the D-Vine copula (-1057).
A knowledge of the dependence structure among CDS spreads across countries, which shows goodness of fit, is important for investors and regulators, because dependence is an input relevant to portfolio allocation and risk management decisions. The use of families and types of Vine copulas that present a better adjustment allows the regulator or manager to reduce the model risk inherent in the process of estimation of the dependence, and consequently to reduce financial losses arising from the use of an incorrect copula. 
CONCLUSIONS
Understanding the dependence behavior of CDS spreads is important because of the popularity and liquidity of these instruments in the credit markets. This study focused on determining the copula model that presented the best fit to model dependence structure of CDS spreads in the multivariate context. In the analysis, we considered 20 countries and daily data for the period from January 1, 2009, to December 31, 2014. The copula model allowed us to capture the nonlinear dependence structure that is usually identified in financial data. From the descriptive analyses, we noticed the presence of stylized facts in the log-returns for CDS. Our main results indicated that the C-Vine structure and the Student t copula family presented the better performance. Thus, this specification is the most appropriate for obtaining the dependence structure of the data considered, and possibly reduces the model risk arising from the use of the wrong model.
